Background: Audit and feedback (AF) interventions that leverage routine administrative data offer a scalable and relatively low-cost method to improve processes of care. AF interventions are usually designed to highlight discrepancies between desired and actual performance and to encourage recipients to act to address such discrepancies. Comparing to a regional average is a common approach, but more recipients would have a discrepancy if compared to a higher-than-average level of performance. In addition, how recipients perceive and respond to discrepancies may depend on how the feedback itself is framed. We aim to evaluate the effectiveness of different comparators and framing in feedback on high-risk prescribing in nursing homes.
Background
There is evidence that how audit and feedback (AF) is designed and delivered may impact the effectiveness of the intervention [1] . However, little attention has been paid towards identifying the best way to design AF to encourage changes in clinical practice, in order to resolve discrepancies between actual and desired performance [1] . Brehaut and colleagues identified 15 suggestions for improving the effectiveness of AF but highlighted numerous areas requiring further empirical research to address outstanding uncertainty [2] .
One area of uncertainty relates to the choice of the comparator that reflects desirable practice in a feedback report. Most often, the recipients' performance is compared against the average performance achieved by those practicing in the region. However, a higher benchmark more closely representing desired care would more clearly demonstrate the discrepancy between actual and desired performance for the majority of feedback recipients. A large randomized trial demonstrated greater improvements when feedback recipients were compared to an 'achievable benchmark' , operationalized as the median score achieved by the top 10% of peers [3] , versus those compared to the median [4] . To our knowledge, as is the case with many implementation science results [5] , this has never been replicated.
Another area of uncertainty relates to the 'framing' of feedback content [6] . For a given quality indicator, it is possible to describe performance in multiple ways. For instance, a metric may be described as the proportion of patients for whom a desirable or guidelineconcordant task was achieved (e.g. patients in whom high-risk medications were avoided). Alternatively, it may be described as the proportion of patients receiving care that is generally undesirable or not concordant with guidelines (e.g. patients inappropriately prescribed a highrisk medication). To our knowledge, despite extensive literature about how framing influences health-related decisions and behaviour in other contexts [7] [8] [9] [10] [11] [12] , the impact of different approaches to framing performance feedback provided to clinicians has never been tested.
We have previously argued that the science of AF is 'stagnant' [13] and that further trials testing AF against a usual care control group will not add new knowledge to the field [1] . Further, we have proposed that implementation scientists can partner with health systems or organizations already conducting interventions such as AF to create 'implementation science laboratories' in which various approaches to optimize such interventions can be tested [14] . In the present article, we describe a trial testing different AF designs, embedded within an implementation science laboratory.
Methods
This is a pragmatic, 2 × 2 factorial, cluster-randomized trial testing variations in the comparator and in framing on the effectiveness of AF to change prescribing, in the context of an existing province-wide AF intervention. An embedded mixed-methods process evaluation will explore potential mechanisms underlying the observed effects. The protocol received ethics approval from the Research Ethics Boards at the University of Toronto and Women's College Hospital. The Ottawa Health Science Network Research Ethics Board approved the process evaluation and the economic evaluation. The trial is registered on ClinicalTrials.gov (NLM identifier: NCT02979964).
Setting
In the province of Ontario, Canada, medically necessary services, including a broad formulary of prescription medications for those living in nursing homes, are covered under the government-run, publicly funded health plan. Health Quality Ontario (HQO) is the provincial advisor on quality in healthcare and, as such, supports ways to improve healthcare quality through quality improvement initiatives. One such initiative is HQO's 'Practice Reports' , whereby confidential, aggregate feedback is offered to physicians across the province about their own practice. The reports for physicians working in nursing homes are known as the Long-Term Care Practice Reports (http://www.hqontario.ca/Quality-Improvement/ Practice-Reports/Long-Term-Care). The HQO reports are generated by a multidisciplinary team, including clinicians, epidemiologists, and quality improvement experts, supported by input from front-line clinicians, health services researchers, sector organizations and associations, and policy makers. HQO relies on best evidence, advice from the groups listed above, and established methods (e.g. modified Delphi process) to select and develop indicators, and generate suggested action plans to support quality improvement for the Report.
In 2015, we developed an implementation science laboratory to support the optimization of HQO's AF initiatives. This involves a concerted effort between implementation scientists and HQO to conduct applied research that will optimize the impact of HQO's ongoing initiatives, while simultaneously contributing novel, generalizable findings that add to the scientific literature [14] .
Intervention design: long-term care practice reports Details on the history of the long-term care practice reports and its re-design in preparation for this study can be found in Additional file 1.
Two members of the team (LD and JP) reviewed the content of the re-designed report to identify evidencebased behaviour change techniques (BCTs) [15] that were likely to contribute to behaviour change (i.e. the 'active content'). This process was undertaken to ensure a standardized description of the report content with the goal of contributing to the broader understanding of how to design effective AF interventions [1] . The re-designed reports included a total of five BCTs that were operationalized throughout (summarized in Table 1 ).
Program theory and logic model
We developed the program theory [16] for the AF intervention in a manner consistent with the hypotheses proposed, and the theory and evidence underlying these (refer to Additional file 2). We defined the intervention according to the BCTs used to target hypothesized constructs, using terminology described by the Behaviour Change Technique Taxonomy v1 [15] and informed by techniques described by goal-setting theory [17] , Social Cognitive Theory [18, 19] , and nascent theory characterizing the role of competing priorities in healthcare professional behaviour change [20] [21] [22] . We then summarized the program theory as a path analytical model to inform the mechanistic theorybased process evaluation (Fig. 1) .
Experimental conditions
All participants will be sent a version of the HQO Practice Reports (Additional file 3) which include the BCTs outlined above. For the study, we manipulated two features of the feedback which may be thought of as experimental factors: (1) the comparator (average vs top quartile) and (2) the framing of the feedback content (patients at risk vs patients safe from risk). Thus, we created four versions of the HQO Practice Reports ( Table 2 ).
Factor 1: benchmark/comparator in feedback reports
Participants' prescribing rates will be compared to either the provincial average or top performing peers (top quartile). Prior to this trial, HQO practice profiles compared performance of the recipient to provincial averages on a summary page and both provincial and regional averages on the detailed indicator pages. One of the recently published suggestions for practice feedback design is to use 'a single comparator that effectively communicates the key message' [2] . Comparing recipients to the top 10% of their peers is more likely to achieve this aim than comparing to the average score of all their peers [4] . However, HQO felt that a benchmark of the top 10% may risk unintended discontinuation of medications that may be actually be appropriate, rather than a careful review of medication use. The top quartile was decided to be acceptable for the purposes of the trial while maintaining the essential needs of the HQO program that avoids unnecessary harms to residents in LTC.
Factor 2: framing of performance in feedback reports
Factor 2 tests the framing of the feedback reports to be either 'risk-framed' (e.g. emphasizing patients at risk of harms) or 'benefit-framed' (e.g. emphasizing patients safe from risk of harms) without changing the underlying data. Decision-making is affected by the way a problem (or in this case, feedback) is framed [11, 23] . Framing has been shown to affect clinical decision-making of physicians in prior studies [24] , with the perceived level of risk involved in the decision posited as a mediating factor [25] . Prospect theory describes how people may differentially weigh the potential gains and potential losses, emphasizing the importance of risk aversion in decision-making [26] . We operationalized risk framing by providing feedback on the proportion of patients receiving high-risk medications and describing this as patients at risk of harm from those medications. This framing was designed to be presented in two ways: visually using the line graph with percentage of patients at risk on the y-axis and red colour emphasis in the graph and in text form with the statement 'Nn additional/fewer resident(s) in my practice may be/are at increased risk associated with benzodiazepines' (see Additional file 4). We operationalized benefit framing by providing feedback on the (1-X)% of patients in whom high-risk medications were avoided and described this as patients safe from the risks of harm associated with those medications. This framing was designed to be presented in two ways: using a line graph with percentage of patients safe from risk on the y-axis and green colour emphasis in the graph and in text form with the summary statement 'No additional/ fewer resident(s) in my practice may be/are safe from risks associated with benzodiazepines' (see Additional file 4).
We refined the language for risk framing and the associated colour changes iteratively through a user-testing process (Additional file 1) to ensure that the emotional responses invoked would encourage action rather than distract from the task of improvement [6] .
Eligibility
Physicians who (1) voluntarily signed up to receive an HQO Practice Report prior to randomization and (2) consistently have >5 residents that they care for in the nursing home setting (to allow for adequate data capture) will be included in the trial. We will include data from nursing home residents if the residents' most responsible physician is eligible.
Allocation
Cluster randomization is necessary because the intervention is delivered to physicians who may work collaboratively with other health care professionals. To prevent contamination that could occur when physicians work in multiple nursing homes, we have grouped homes that share physicians into clusters. Thus, the unit of randomization will be groups of one or more nursing homes sharing physicians. An independent statistician will randomize these clusters independently by the two factors (resulting in four experimental conditions), stratifying by total number of beds in the cluster [27] , using a randomly permuted block design of length four. Physicians who sign up for the report after randomization and who belong to a cluster already assigned will be provided the same allocation as others in their group to avoid contamination.
Blinding
Participants in this study (i.e. physicians) are not explicitly blinded, but the risks in this instance are felt to be minimal, as they will not be aware of the variations being tested nor the outcome measures and analytical approach. Further, the trial occurs in the context of a newly designed report that incorporates new quality indicators. The analysts will be blind to allocation status. 
Data collection
Quality indicators collected for use in the feedback reports and related clinical measures are derived from routinely collected administrative data, linked using unique encoded identifiers at the Institute for Clinical Evaluative Sciences (ICES).
Data will be compiled from the following databases: (1) the Ontario Drug Benefits (ODB) database, covering nearly all prescriptions in nursing homes; (2) the Canadian Institute for Health Information (CIHI) databases covering all inpatient hospitalizations and emergency department visits; (3) the Ontario Health Insurance Plan (OHIP) database, covering physician billings; (4) the Registered Persons Database (RPDB) covering demographic information including date of death; and (5) the Continuing Care Reporting System (CCRS) database for clinical and demographic information on nursing home residents collected using the Resident Assessment Instrument (RAI). The RAI is legislatively required for each nursing home resident in the province within 2 weeks of admission date and then every 92 days, or any other time when the clinical condition of a resident considerably changes. The RAI captures a range of data such as functional and cognitive performance scales and can be used to determine date of admission and discharge from each nursing home [28] .
HQO will track the unique College of Physician and Surgeons of Ontario (CPSO) numbers for those physicians who signed up for the reports. This will be encrypted and linked to the ICES Physician Database to assess physician characteristics, including age, sex, and whether they graduated from Canada or an international school. For each physician who signs up for the Practice Reports, HQO will also keep a file to track the number of times they downloaded the report at each quarterly release. This data will be confidentially shared with ICES analysts (keeping investigators blind), and the coded data will be used to conduct a sensitivity analysis to examine how intensity of exposure relates to effect size.
Outcomes
All primary and secondary outcomes of interest are summarized in Table 3 and are defined at the individual resident level. The primary outcome is the monthly number of CNS-active medications per resident, as determined from the ODB database. 'CNS-active' medications will be defined in a manner consistent with the HQO quality indicator used in the Practice Reports, covering the medication classes of antipsychotics, opioids, benzodiazepines, and antidepressants (including tricyclic antidepressants and trazodone). This was chosen as a way of capturing any change to prescribing that was directly influenced by the measures provided in the Practice Reports. Secondary prescribing outcomes will include additional measures of prescribing that might be directly influenced by the Practice Reports: proportion of days supplied benzodiazepines, any prescription of benzodiazepines, mean daily benzodiazepine dose, dose equivalent of benzodiazepine dispensed, proportion of days supplied antipsychotics, any prescription of antipsychotics, mean daily antipsychotic dose, dose equivalent of antipsychotic dispensed, and presence of three or more CNS-active medications. We will also assess statin prescriptions as a non-targeted control or 'tracer outcome' [29] . These are not expected to be affected by the intervention and will be used to identify secular trends in prescribing in the homes.
RAI data will be used to identify dates of admission and discharge to define the appropriate set of residents contributing to each time period. We will also use RAI data to summarize relevant demographic and clinical characteristics of the cohort of nursing home residents cared for the participating physicians. We will use an open cohort design; all eligible residents present in the home at any observation time will be included in the analysis. To be eligible for analysis, the most responsible physician of the nursing home resident must have signed up to receive the report.
Analysis
All primary analyses will be by intention-to-treat. The primary outcome (monthly number of CNS-active medications over 6 months pre-and post-intervention) will be analysed using a general linear mixed effects regression model; time will be specified as a continuous variable and a common secular trend will be imposed across all study arms with the effect of the intervention modelled as a slope deviation from the secular trend. The analysis will adjust for the size of each home as a fixed effect. Random intercepts and slopes for time will be specified for the unit of randomization (group of homes) and for the individual resident to account for cluster and individual autocorrelation. The primary comparison between the arms' 6-month post-intervention will be estimated using least square mean differences, together with 95% confidence intervals. Because the traditional twostage testing approach (i.e. an interaction test followed by dropping the interaction term if non-significant) can lead to bias in factorial trials [30] , we will present both four-arm and factorial analyses.
We will examine whether the language in the key message in the report (i.e. the bolded statement declaring the number of additional/fewer patients are at risk from (or safe from risks of ) benzodiazepines) is differentially associated with changes in prescribing. This is an uncontrolled element of the intervention, dependent on the observed distribution of performance of physicians relative to their peers. The relative performance of the physician compared to the comparator may act as an effect modifier because having additional patients at risk of harm or fewer patients safe from harm may invoke different responses than having fewer patients at risk or more patients safe. Additionally, it is plausible that recipients may respond more actively to simpler language (e.g. '7 additional residents in my practice may be at increased risk of harm' may be easier to interpret than '7 fewer residents in my practice are safe from risk of harm') because the simpler wording may make it easier for recipients to evaluate their performance relative to the comparator and respond accordingly. Thus, we will adjust for relative performance (i.e. better, same, or worse than comparator) and clarity of the statement (i.e. additional versus fewer) as a covariate and then conduct planned subgroup analyses to examine differential effects of the intervention across these subgroups (while acknowledging unmeasured confounding and uncertain power in these subgroup analyses).
We will also explore potential effect modification by baseline prescription rate, ownership status of nursing home, beds in the home, location (urban/rural), specialist utilization (proportion of patients with geriatrician or psychiatrist consultation within 6 months), plus primary physician characteristics (sex, years' experience), as well as patient characteristics (age, sex, time at facility, levels of function and cognition). A planned sensitivity analysis will examine effects by extent of exposure to the intervention (i.e. fidelity of receipt, which assesses whether physicians downloaded their report).
The secondary outcomes, measured as proportion of days supplied with each prescription over the 6-month interval post-intervention, will be analysed using a general linear mixed effects regression with baseline proportion as a covariate. Random intercepts will be specified for the unit of randomization and for the individual resident. Monthly mean dose dispensed will be analysed as described for the primary outcome. Secondary outcomes measured as repeated binary proportions will be analysed as described for the primary outcome but using mixed effects logistic regression.
The RAI is needed to have accurate dates of admission and discharge from nursing homes, but linking data with the RAI can involve substantial delays. A planned interim analysis will be conducted using ODB data only to be used for HQO's internal purposes.
Power
In head-to-head trials where small changes to existing initiatives are tested and where each sequential change in the process of optimization is expected to offer cumulative benefit, it is necessary to power for small changes. In this pragmatic trial, the sample size is dependent on the number of providers who sign up for the reports. At the time of study launch, there will be physicians working in over 200 nursing homes who have signed up to receive the HQO Practice Reports. After grouping homes sharing providers together, we anticipate having approximately 160 clusters, with an average of 350 beds per cluster. In a 2 × 2 factorial design assuming no interaction and similar effects for each intervention, a test of each intervention at 6 months in an ANCOVA design will achieve 90% power to detect an absolute mean [31] . In the presence of an interaction effect, switching to a 4-arm comparison would require a slightly larger difference of 0.4 in the mean number of medications. For our secondary outcome (any monthly prescription of antipsychotics), our sample size will achieve 90% power to detect an absolute difference of 1.2% (or a relative difference of 6%) from a reference arm proportion of 20% using six monthly pre-and post-intervention measurements, with an intracluster correlation coefficient of 0.05, a cluster autocorrelation of 0.8, and an individual autocorrelation of 0.9. In the presence of an interaction effect, switching to a 4-arm comparison would require a larger relative difference of 8.5%.
Economic evaluation
We will conduct a cost-effectiveness analysis from the perspective of the publicly funded health care system. Total costs include costs associated with designing and delivering interventions and health care costs incurred by nursing home residents. We will use a micro-costing technique [32] to identify, measure, and value resources required for the interventions. HQO staff will provide the number and type of resources used for designing and delivering interventions. We will multiply the quantity of each type of resource required by its unit costs to obtain component-specific costs and overall costs for the interventions. Health care costs incurred by nursing home residents will be derived using the costing methodology developed at ICES [33] .
We will estimate the incremental cost per unit change in monthly number of CNS-active medications as well as the incremental net benefit of the interventions using a general linear mixed effects regression model. A series of sensitivity analysis will be undertaken to examine the effect of conducting a complete case only analysis and of varying input parameters. Uncertainty in the analysis will be addressed by estimating 95% CIs using a non-parametric bootstrapping method. Results from the bootstrapping exercise will also be used to depict cost-effectiveness acceptability curves, which represent the probabilities that interventions being cost-effective over a range of potential threshold values that the health system may be willing to pay for an additional unit of effect.
Embedded theory-based process evaluation
The process evaluation involves a mixed-methods approach informed by the UK Medical Research Council's Guidelines [34] to examine whether the intervention targets the intended constructs outlined in the program theory ( Fig. 1) and understand the contextual factors that shape how the intervention works in practice.
To assess fidelity of receipt, we will examine the extent of exposure (i.e. timing and frequency of Practice Report downloads). We propose that exposure (fidelity of receipt) will be a key effect modifier of the intervention.
The intervention's mechanism of action will be assessed via surveys of participating physicians across all four arms to measure theoretical constructs targeted by the intervention. Targeted constructs include intention, selfefficacy, outcome expectations, descriptive norms, and goal prioritization. To minimize response burden, a single validated question was included to measure each construct for the prescription of targeted medication classes (benzodiazepines, antipsychotics, and CNSactive medications), in addition to medications that the intervention does not directly target (e.g. statins). These will therefore provide the capacity to conduct a multiplebehaviour process evaluation [35] that will examine the presumed mechanisms underlying any changes observed in prescribing and whether these vary by experimental condition. Prospect theory suggests that when physicians make a decision, they consider risky (i.e. the decision to start/stop benzodiazepines), loss-framed messages may have a larger impact on their behaviour than gain-framed messages [19, 36] . At the same time, the importance of coherence between framing and how the recipient is oriented towards promoting gains or preventing harm is emphasized in Regulatory Fit Theory [37] . We assume that most physicians are focused on preventing harm when thinking about high-risk medications. We will include a questionnaire designed to assess whether individuals are promotion-or prevention-focused which has been validated in patient population [38] ; we have adapted this tool to focus on healthcare professional behaviour. Responses will we be used to assess whether respondents' regulatory focus moderates the effect of the feedback framing intervention.
To gain a more nuanced understanding of how and why the intervention worked as observed, we will conduct qualitative interviews with interested participants. We will examine whether participants view changes in prescribing as a risky behaviour, as assumed, or if they endorse generally positive experiences with prescribing these medications, and perceive their ongoing use as generally safe. We will also probe the underlying mechanisms through which the interventions may influence prescribing behaviour (Fig. 1) . The constructs measured in the theory-based questionnaire will be represented within the interview topic guide. Interviews will focus on gaining additional insight into quantitative responses to the constructs assessed in the questionnaire while providing an opportunity for respondents to clarify any additional factors relevant to their experience of using the feedback report allocated to them.
Recruitment and data collection
Working with HQO, we will send an invitation to all report recipients who download their report to complete a survey about the reports. We will follow an adapted Dillman protocol with a series of weekly reminders to optimize response rate [39] . Respondents will also be incentivized through a $25 raffle prize [40] provided by the research team (HQO, as a provincial agency, is prohibited from offering such incentives). Interview participants will be recruited using self-identification during the web-based surveys. Interested respondents will be contacted via e-mail to confirm interest and schedule a one-on-one, semi-structured telephone interview. An interview guide will focus on report use and ideas for improvement, prioritization of prescribing behaviour change in relation to the three prescribing indicators summarized in the report, and questions to probe the hypothesized mechanisms of action underlying the interventions (summarized in Fig. 1 ). It is expected interviews will last between 30 and 45 min. As interviews will focus on the experience of healthcare professionals in using feedback on aggregate data, there is very little risk of any patient-identifiable data being discussed. Nevertheless, all names and locations will be removed from transcripts to ensure that respondents are anonymous for the purposes of any reporting of results (presentations, manuscripts).
Items in the web-based survey used to measure constructs which are hypothesized antecedents of behaviour ( Fig. 1) will be scored by participants using a 5-point Likert scale and described using mean and standard deviations (median and interquartile ranges in the case of skewed distributions). The survey also contains 11 items assessing regulatory focus, scored using a 9-point Likert scale, with high scores representing agreement and low scores disagreement. Six items assessed the extent of promotion focus, and five assessed the extent of prevention focus. We will assess the internal reliability of the items measuring each of the focus types (promotion/prevention) using Cronbach's alpha. If internal consistency is <0.7, we will explore whether we can improve this by omitting individual items. We will then use the mean of the items measuring each focus type to create a composite score ranging from 1 to 9 for each focus type. The prevention focus composite score will then be subtracted from the promotion focus composite score. The resulting score will be used to classify the physicians as primarily prevention-or promotionfocused: physicians with positive scores will be classified as promotion-focused and physicians with negative scores as prevention-focused.
We will use multiple regression to explore the relationships between hypothesized predictor constructs ( Fig. 1 ) and the dependent variable (intention to appropriately adjust prescribing) controlling for group allocation. We will then compare the post-intervention scores for the constructs across the intervention groups using independent samples t tests, conducting separate comparisons for each of the two main effects (message framing and professional comparator). We anticipate that approximately 250 providers will be allocated in the trial and that approximately 40% will download the Practice Reports. With an anticipated survey response rate of 40%, we expect to have 40 questionnaires available for analysis, evenly distributed between arms. With 20 survey responses in each group (presence or absence of each main intervention effect), we will have 80% power to detect a difference of 0.9 standard deviation units in any of the constructs between the two intervention arms using a two-sided t test at the 5% level of significance. We will use hierarchical mediation and moderation models to determine whether interventions work through hypothesized pathways to aid interpretations for generalization in various contexts. We will also conduct additional exploratory analyses to assess the impact of measurable provider, patient, and contextual characteristics on the outcomes.
The analytical method for the interviews will involve an iterative process of data collection and analysis using qualitative software NVIVO 10. Interviews will be analysed by two independent researchers using the framework method [41, 42] . This method of analysis involves six key steps: familiarization with the data, coding the data, indexing (applying the analytical framework), charting (summarizing the data from each transcript by category), and interpretation. A coding framework will be developed, with the key psychological constructs (Fig. 1) serving as overall themes. Open coding will be applied as required by the data to allow for the emergence of themes not captured within the constructs. The researchers will meet to discuss and refine the coding framework and themes. Throughout the indexing period, refinement will involve discussion with a third researcher and the wider study team as necessary, for example, to reach consensus on discrepancies and include the clinical perspective. At the charting stage, data will be re-arranged into tables and summarized according to the analytical framework. We will then re-examine the data to develop our interpretation of the mechanisms of effect of the interventions.
The framework approach ensures a systematic approach to summarizing and classifying the data, facilitating a comprehensive review of participant narratives while encouraging a higher-level conceptual analysis [42] . Using an interconnected analytic strategy allows for the constant refinement of themes while progressing towards the development of an overarching conceptual framework of how the intervention works and why. Recruitment will continue until saturation is reached; however, we anticipate conducting~15-20 interviews based on similar studies [43] . We will employ a 10 + 3 rule, whereby at least 13 interviews will be conducted; if no additional themes are generated in the last three consecutive interviews, this will serve as evidence of data saturation. If not, interviews will continue until at least three consecutive interviews do not raise new themes. If less than 15 physicians consent to be contacted, we will contact them all for interview. Snowball sampling will be used to seek out contrasting cases, if possible.
Ethical considerations
This trial meets all ethical principles for a deviation from the general principles of research consent [44] . Specifically, the study intervention and data collection procedures pose no more than minimal risk for participating physicians and are unlikely to adversely affect their welfare. This is because these physicians already voluntarily signed up for the Practice Reports; HQO can design them in any reasonable fashion and evaluate the effects of their initiative so long as confidentiality is respected. Furthermore, the experiment would not be feasible without a waiver of consent [45] . Typical consent procedures would likely create selection bias (i.e. physicians likely to consent may systematically differ in the way they respond to framing). Therefore, the participating research ethics boards approved waiver of consent with provision of opt-out opportunities and a debrief at the time of outcome assessment (refer to Additional file 5).
Discussion
This trial demonstrates how partnerships with health system organizations can create opportunities to advance implementation science [14] . We envision this trial as the first in a series of studies in our implementation science laboratory with HQO that test AF variations. The collaborative process described herein may offer lessons for others working in implementation science laboratories and illustrate how appropriate compromises can be reached in this context to achieve both scientific objectives and health system improvement goals.
Numerous components within AF may play a role in the effectiveness of the intervention; no single trial can answer all the remaining questions about how to optimize design and delivery. Further work will be needed both to optimize these aspects of AF and to test additional features. This is especially true because this trial is not without its limitations. The re-design process (see Additional file 1) was abridged to accommodate project deadlines. In addition, framing was difficult to operationalize in a clear manner because the data lacked clinical granularity; prescribing high-risk medications more often than the comparator may sometimes be appropriate, depending on the patient characteristics, and the feedback required carefully crafted content to acknowledge this issue. We cannot be certain that our elaboration of risk framing and benefit framing will be equally clear/understandable to recipients. Further, our hypothesis related to framing assumes that recipients of AF reliably perceive the decision to change (i.e. start or stop) benzodiazepine prescriptions to be a risky behaviour; this will be explored in the process evaluation. We also acknowledge that Regulatory Focus Theory [36] posits that the alignment between message delivery and the way in which a person perceives that task plays a role in how persuasive the message will be and its effect on performance. We emphasized preventing risks in the report because we felt this fit both the overall goal of the initiative (i.e. to limit high-risk prescribing) and the widely held medical dictum to 'first do no harm' [46] . We will assess participants' regulatory focus in the process evaluation to help interpret the results. In general, other design aspects beyond those manipulated in this trial may create noise that drowns out any signal we may hope to find; we will explore the role of these aspects where possible to inform future research.
Learning about how physicians respond to positively versus negatively framed clinical performance feedback may have implications for a wider field of continuing professional education [47, 48] . This protocol demonstrates how one can manipulate theoretically informed components in a process that can both improve a specific intervention and provide generalizable insights. The general approach may be used to inform approaches to additional head-to-head trials and to generate new knowledge regarding how best to design and deliver implementation interventions.
Trial status
The trial began December 2016, with 267 physicians from 160 clusters of nursing homes allocated to the four experimental conditions. The intervention period is ongoing.
